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BHEAZRDEEE  BENEH T ARHBEEH - MEB1EEE - BAiSoutputHERTE1 B9 - BRBEREE SEMSEREIIFHEEKloss - FBAE
=R ArCategoricalCrossentropy FEAEE T AZ AR BRDEEE - F2SE/FF6-7-8

MBS METER NI - EEZ fRidgetR Bl BkerastE BUETTLER

In [1]: dimport seaborn as sns
import matplotlib.pyplot as plt
import numpy as np
import warnings
warnings.filterwarnings("ignore™)

In [2]: from sklearn.datasets import load_diabetes
X, y = load_diabetes(return_X_y=True,as_frame=True)

In [3]: X # FE22sexBEonehot T HUL

Out[3]:
age sex bmi bp s1 s2 s3 s4 s5 s6

0.038076 0.050680 0.061696 0.021872 -0.044223 -0.034821 -0.043401 -0.002592 0.019908 -0.017646

(=]

1 -0.001882 -0.044642 -0.051474 -0.026328 -0.008449 -0.019163 0.074412 -0.039493 -0.068330 -0.092204
0.085299 0.050680 0.044451 -0.005671 -0.045599 -0.034194 -0.032356 -0.002592 0.002864 -0.025930
-0.089063 -0.044642 -0.011595 -0.036656 0.012191 0.024991 -0.036038 0.034309 0.022692 -0.009362

A W DN

0.005383 -0.044642 -0.036385 0.021872 0.003935 0.015596 0.008142 -0.002592 -0.031991 -0.046641

437 0.041708 0.050680 0.019662 0.059744 -0.005697 -0.002566 -0.028674 -0.002592 0.031193 0.007207
438 -0.005515 0.050680 -0.015906 -0.067642 0.049341 0.079165 -0.028674 0.034309 -0.018118 0.044485
439 0.041708 0.050680 -0.015906 0.017282 -0.037344 -0.013840 -0.024993 -0.011080 -0.046879 0.015491
440 -0.045472 -0.044642 0.039062 0.001215 0.016318 0.015283 -0.028674 0.026560 0.044528 -0.025930
441 -0.045472 -0.044642 -0.073030 -0.081414 0.083740 0.027809 0.173816 -0.039493 -0.004220 0.003064

442 rows x 10 columns

In [4]: dimport pandas as pd
# BZRGEEEEN metrics(RREHER)
methods = ["_ridge", "_ridge_nbp", "_API", " API nbp"]
metric_list = ["mse", "r2"]
for method in methods:
for metric in metric_list:
locals()[metric+method]=[]
loss_API = []
loss_API nbp = []
# FRERNMNE

results = pd.DataFrame({'mean mse':[], 'mean_r2':[]1}).T

In [5]: from sklearn.preprocessing import OneHotEncoder
enc = OneHotEncoder()
sex = enc.fit_transform(X[['sex']]).toarray()

# StdropiEsex AN _EonehotEMsex

X = X.drop(['sex'],axis=1)
X[['sex1l',"'sex2']] = sex
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In [6]: X #B

Kisex ¥ onehot
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out[6]:

age bmi bp s1 s2 s3 s4 s5 s6 sex1 sex2

0 0.038076 0.061696 0.021872 -0.044223 -0.034821 -0.043401 -0.002592 0.019908 -0.017646 0.0 1.0

1 -0.001882 -0.051474 -0.026328 -0.008449 -0.019163 0.074412 -0.039493 -0.068330 -0.092204 1.0 0.0

2 0.085299 0.044451 -0.005671 -0.045599 -0.034194 -0.032356 -0.002592 0.002864 -0.025930 0.0 1.0

3 -0.089063 -0.011595 -0.036656 0.012191 0.024991 -0.036038 0.034309 0.022692 -0.009362 1.0 0.0

4 0.005383 -0.036385 0.021872 0.003935 0.015596 0.008142 -0.002592 -0.031991 -0.046641 1.0 0.0
437 0.041708 0.019662 0.059744 -0.005697 -0.002566 -0.028674 -0.002592 0.031193 0.007207 0.0 1.0
438 -0.005515 -0.015906 -0.067642 0.049341 0.079165 -0.028674 0.034309 -0.018118 0.044485 0.0 1.0
439 0.041708 -0.015906 0.017282 -0.037344 -0.013840 -0.024993 -0.011080 -0.046879 0.015491 0.0 1.0
440 -0.045472 0.039062 0.001215 0.016318 0.015283 -0.028674 0.026560 0.044528 -0.025930 1.0 0.0
441 -0.045472 -0.073030 -0.081414 0.083740 0.027809 0.173816 -0.039493 -0.004220 0.003064 1.0 0.0

442 rows x 11 columns

¥ =B F B data BitrainEltest

In [7]: from sklearn.model_selection import train_test_split
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2)

757%1: Ridge Regression

In [8]: from sklearn.linear_model import Ridge
= Ridge(alpha=0.01)

ridge

753%2: Functional API

In [9]: from tensorflow import keras
from tensorflow.keras import layers
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In [10]:

In [11]:

In [12]:
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# B keras model : (BEZbp)

n, p = X.shape

# Input 1 (MEBESEEE[ 'age', 'sexl', 'sex2', 'bmi', 'bp'])

x_1 = keras.Input(shape=(5,), name='x_1")

hl 1 = layers.Dense(16,
activation='relu’,
name="hl_1")(x_1)

h2_1 = layers.Dense(32,
activation='relu’,
name="'h2_1')(h1_1)

o 1 = layers.Dense(8, name = 'o0 1')(h2_1)

# Input 2 (WE3EEE's1', 's2', 's3'])

x_2 = keras.Input(shape=(3,), name='x 2")

hl 2 = layers.Dense(16,
activation="relu’,
name="'hl_2"')(x_2)

h2_2 = layers.Dense(32,
activation='relu’,
name="h2_2"')(h1_2)

o 2 = layers.Dense(8, name = 'o0 2')(h2_2)

# Input 3 (NE3EEE['s4', 's5', 's6'])

x_3 = keras.Input(shape=(3,), name='x_3")

hl_3 = layers.Dense(16,
activation='relu',
name="hl_3")(x_3)

h2_3 = layers.Dense(32,
activation='relu’,
name="h2_3")(h1_3)

o _3 = layers.Dense(8, name = 'o0_3"')(h2_3)

h3 = layers.Concatenate(name="'h3")([o_1, o 2, o 3]) #i=:2F Bk
# h3 = layers.Add(name="h3"')([o_ 1, o0 2, o _3]) #URt o] DLAB A0

outputs = layers.Dense(1,
activation='linear’',
name = 'y')(h3)

model = keras.Model(inputs=[x_1,x_2,x_3], outputs=outputs)
model. summary ()

Model: "model"

Layer (type) Output Shape Param # Connected to
x_2 (InputLayer) [(None, 3)] )
x_3 (InputLayer) [(None, 3)] 0
hi_1 (Dense) (None, 16) 96 x_1[e][e]
hi_2 (Dense) (None, 16) 64 x_2[0][e]
h1_3 (Dense) (None, 16) 64 x_3[e][e]
h2_1 (Dense) (None, 32) 544 h1_1[e][e]
h2_2 (Dense) (None, 32) 544 h1_2[e][e]
h2_3 (Dense) (None, 32) 544 h1_3[e][e]
o_1 (Dense) (None, 8) 264 h2_1[e][e]
o_2 (Dense) (None, 8) 264 h2_2[e][e]
o_3 (Dense) (None, 8) 264 h2_3[e][e]
h3 (Concatenate) (None, 24) ) o_1[e][e]
o_2[e][e]
o_3[e][e]
y (Dense) (None, 1) 25 h3[e][e]

Total params: 2,673
Trainable params: 2,673
Non-trainable params: ©

# AAESREEEGER  ILEEERZA
# from tensorflow.keras.utils import plot _model
# plot _model (model)

model.compile(optimizer="adam’,
loss=keras.losses.MeanSquaredError())
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In [13]:

In [14]:

In [15]:
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# B Reras model_nbp : (KAEEBbp) #HFRinputEEHIRTE

n, p = X.shape
# Input 1 (MEB4EEE[ 'age', 'sexl', 'sex2', 'bmi'])
x_1 = keras.Input(shape=(4,), name='x_1")
hl 1 = layers.Dense(16,
activation='relu’,
name="hl_1")(x_1)
h2_1 = layers.Dense(32,
activation='relu’,
name="'h2_1')(h1_1)
o 1 = layers.Dense(8, name = 'o 1')(h2_1)
# Input 2 (WE3EEE's1', 's2', 's3'])
x_2 = keras.Input(shape=(3,), name='x 2")
hl 2 = layers.Dense(16,
activation="relu’,
name="'hl_2"')(x_2)
h2_2 = layers.Dense(32,
activation='relu’,
name="h2_2"')(h1_2)
o 2 = layers.Dense(8, name = 'o0 2')(h2_2)
# Input 3 (NE3EEE['s4', 's5', 's6'])
x_3 = keras.Input(shape=(3,), name='x_3")
hl_3 = layers.Dense(16,
activation='relu',
name="hl_3")(x_3)
h2_3 = layers.Dense(32,
activation='relu’,
name="h2_3")(h1_3)
o _3 = layers.Dense(8, name = 'o0_3"')(h2_3)
h3 = layers.Concatenate(name="'h3")([o_1, o 2, o 3]) #i=:2FFHEHk
# h3 = layers.Add(name="h3"')([o_ 1, o0 2, o _3]) #URt o] DLAB A0
outputs = layers.Dense(1,
activation='linear’',
name = 'y')(h3)

model nbp = keras.Model(inputs=[x_1,x_2,x_3], outputs=outputs)
model nbp.summary()

Model: "model 1"

Layer (type) Output Shape Param # Connected to
x_2 (InputLayer) [(None, 3)] 0
x_3 (InputLayer) [(None, 3)] )
hi_1 (Dense) (None, 16) 80 x_1[e][e]
hi_2 (Dense) (None, 16) 64 x_2[0][@]
h1_3 (Dense) (None, 16) 64 x_3[e][e]
h2_1 (Dense) (None, 32) 544 hi_1[e][e]
h2_2 (Dense) (None, 32) 544 h1_2[e][e]
h2_3 (Dense) (None, 32) 544 h1_3[e][e]
o_1 (Dense) (None, 8) 264 h2_1[e][e]
o_2 (Dense) (None, 8) 264 h2_2[e][e]
o_3 (Dense) (None, 8) 264 h2_3[e][e]
h3 (Concatenate) (None, 24) ) o_1[e][e]
o_2[e][e]
o_3[e][e]
y (Dense) (None, 1) 25 h3[e][e]

Total params: 2,657
Trainable params: 2,657
Non-trainable params: ©

model nbp.compile(optimizer="adam’,
loss=keras.losses.MeanSquaredError())

# FF RepeatedKFold B&78
from sklearn.model selection import RepeatedKFold
from sklearn.metrics import mean_squared_error, r2_ score
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In [16]: # repeat 10-Fold 5 R
rkf = RepeatedKFold(n_splits=10,n_repeats=5,random_state=100)
for train_index, test_index in rkf.split(X, y):
X_train, X_test = X.loc[train_index,:], X.loc[test_index,:]
y_train, y_test = y[train_index], y[test_index]

#pn ERMEE
# Fit ridge model
rid = ridge.fit(X_train, y_train)

# Fit keras API model

n = X_train.shape[@]
history = model.fit({'x_1': X_train[['age', 'sex1l', 'sex2', 'bmi', 'bp']],
'x_2': X_train[['s1', 's2', 's3']],

'x_3": X_train[['s4', 's5', 's6']]},

{'y': y_train},

batch_size=n,

epochs=300,

verbose=0)

# HBLlossTFIEIR
loss API.extend(history.history['loss'])

# predict
mse_ridge.append(mean_squared_error(y_test, rid.predict(X_test)))
r2_ridge.append(r2_score(y_test, rid.predict(X_test)))
ypred = model.predict({'x_1': X_test[['age', 'sexl', 'sex2', 'bmi', 'bp']],
'x_2': X _test[['sl', 's2', 's3']],
"X_3": X_test[['s4', 's5', 's6']1]})
mse_API.append(mean_squared_error(y_test,ypred))
r2_API.append(r2_score(y_test,ypred))

#rn AEREME
# Fit ridge model
rid = ridge.fit(X_train.drop(['bp'],axis=1), y_train)

n = X_train.shape[@]
history = model _nbp.fit({ 'x_

1': X_train[['age', 'sexl', 'sex2', 'bmi']],
'x 2': X _train[['s1l", 's2', 's3']],

'x_3"'": X_train[['s4', 's5', 's6']1},

{'y': y_train},

batch_size=n,

epochs=300,

verbose=0)

# 1B lossTFEER
loss API nbp.extend(history.history['loss'])

# predict
mse_ridge _nbp.append(mean_squared_error(y_test, rid.predict(X_test.drop(['bp'],axis=1)))) #&ciSdrop
r2_ridge _nbp.append(r2_score(y_test, rid.predict(X_test.drop(['bp'],axis=1)))) #ioiSdrop

ypred = model nbp.predict({'x_1': X test[['age', 'sexl', 'sex2', 'bmi']],
"x_2"'": X_test[['s1', 's2', 's3']1,
"x_3'": X _test[['s4"', 's5', 's6']1})

mse_API nbp.append(mean_squared_error(y_test,ypred))

r2_API nbp.append(r2_score(y_test,ypred))
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In [17]: # Ekeras APIMloss
print('model tf A loss:')
plt.plot(loss_API)
plt.show()
plt.plot(loss_API_nbp)
plt.show()

model_tf FY loss:
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In [18]: # F 2K
results[ 'Ridge' ]=[np.mean(mse_ridge),np.mean(r2_ridge)]
results[ 'Ridge _nbp']=[np.mean(mse_ridge nbp),np.mean(r2_ridge_nbp)]
results[ 'Functional API']=[np.mean(mse_API),np.mean(r2_API)]
results['Functional API nbp']=[np.mean(mse_API_nbp),np.mean(r2_API_nbp)]

=+
Ao

In [19]: results

Out[19]:
Ridge Ridge_nbp Functional_APl Functional_API_nbp
mean_mse 3010.521048 3162.961026 2551.576470 2852.462732
mean_r2 0.471427 0.442727 0.550108 0.493102
1.tEEXRidge#AFunctional APIRV#E SR O] LIANZE - F fEFFunctional APIFFEIARV AR E B (HEEdata & - mse®/)\) - EZ2H EHRIEIZRBRIFRIREE (LURES
codeRE - BRAEBITEREHNEL)
2 AR ERSEpEESEY - TUURIRR? HES/\WBB(REESN)  Emseth @ KT - EXRrbpEREHEEAELEERENTE
In[ ]:
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